Abstract: This paper embeds a staggered price feature into the standard speculative storage model of Deaton and Laroque (1996). Intermediate goods inventory speculators are added as an additional source of intertemporal linkage, which helps us to replicate the stylized facts of the observed commodity price dynamics. Incorporating this type of friction into the model is motivated by its ability to increase price stickiness which, gives rise to a higher degree of persistence in the first two conditional moments of commodity prices. The structural parameters of our model are estimated by the simulated method of moments using actual prices for four agricultural commodities. Simulated data are then employed to assess the effects of our staggered price approach on the time series properties of commodity prices. Our results lend empirical support to the possibility of staggered prices.
Introduction
The last decade has witnessed a surge in commodity prices and a widespread financialization of commodity products. The upward movements and the increased volatility of the commodity prices have been largely attributed to strong demand by China and other emerging markets as well as massive capital flows into the commodity markets by institutional investors, portfolio managers and speculators. While the importance of commodity price movements for the economic policy and investors' sentiment has generated a substantial research interest, the behavior and the determination of commodity prices is not yet fully understood. The main objective of this paper is to develop a structural model of commodity price determination that reflects the empirical properties (high persistence and conditional heteroskedasticity) of commodity prices. In order to achieve this goal and to gain further understanding into the fundamental factors that drive the observed behavior of commodity prices, we modify the structure of the speculative storage model from one where prices adjust almost instantaneously to harvest shocks to a setup where they change slowly and infrequently. More specifically, we depart from the assumption that market prices are determined in a perfectly competitive environment and extend the basic speculative storage model by explicitly introducing intermediate goods speculators with a staggered pricing rule. One appealing aspect of this approach is its ability to mimic some important characteristics of the actual commodity prices such as high persistence and conditional heteroskedasticity, which can be generated even in the absence of correlated harvest shocks. The speculative storage model for commodity prices can be dated back to Gustafson (1958) who defines a set of optimal storage rules that state how much grain should be carried over into the next period given the current year supply. Moreover, by introducing intertemporal storage arbitrage and supply shocks, Gustafson (1958) incorporates rational expectations. This line of research is further elaborated in Muth (1961) . Samuelson (1971) develops a model for commodities which determines the behavior of the prices as the solution to a stochastic dynamic programming problem.
Furthermore, Beck (1993) builds upon the work by Muth (1961) and provides a theoretical basis for treating the variance of storable commodities as serially correlated which suggests that commodity prices may exhibit conditional heteroscedasticity. The presence of storage is instrumental in ensuring that the price variance in one period directly affects inventory variance which in turn is transmitted to next period's price variation. Williams and Wright (1991) provide a comprehensive 1 discussion of the basic storage model and its extensions, and summarize the time series properties of storable commodities. Williams and Wright (1991) put an emphasis on the complex non-linear storage behavior resulting from the fact that aggregate storage cannot be negative. Deaton and Laroque (1992 , 1995 , 1996 develop a partial equilibrium structural model of commodity price determination and apply numerical methods to test and estimate the model parameters, confronting for the first time the storage model with the documented behavior of actual prices. Their analysis suggests that the introduction of speculative inventories and serially correlated supply shocks do not appear to generate sufficient persistence in commodity prices although they prove to be successful in replicating the substantial volatility observed in the actual data.
More recently, numerous studies have focused on modifying the storage model in order to accommodate the persistence of commodity prices. Chambers and Bailey (1996) relax the iid assumption on harvest shocks, and study the price fluctuations of storable commodities, assuming that shocks are either time dependent or that the model exhibits periodic disturbances. Ng and Ruge-Murcia (2000) incorporate additional features into the storage model in an attempt to generate a higher degree of persistence in commodity prices. In particular, Ng and Ruge-Murcia (2000) allow for serially correlated shocks assuming that harvest follows a first-order moving average (MA(1)) process. They also examine the ability of production lags and heteroskedastic supply shocks, multi-period forward contracts and convenience yields to generate an increased persistence in commodity prices. Cafiero, Bobenrieth, Bobenrieth, and Wright (2011) demonstrate that the competitive storage model can give rise to high levels of serial correlation observed in commodity prices if more precise numerical methods are employed. Moreover, estimates for seven commodities supported the specification of the speculative storage model with positive constant marginal costs and no deterioration, which is in line with Gustafson (1958) .
Furthermore, Cafiero, Bobenrieth, Bobenrieth, and Wright (2011) use a maximum likelihood framework to estimate the storage model with stock-outs, which is extended to include unbounded harvests and free disposal. Their results produce more accurate small sample estimates of the structural parameters of the model compared to the previous studies based on the pseudo-maximum likelihood procedure. Miao and Funke (2011) add shocks to the trends of output and demand. Evans and Guthrie (2007) include transaction cost frictions into the speculative storage model.
One important finding that emerges from their analysis is that these frictions tend to have explanatory power for the dynamic behavior of spot and futures commodity prices. In a competitive equilibrium framework, the model of Evans and Guthrie (2007) is able to capture the serial correlation and GARCH characteristics of commodity prices. Finally, Arseneau and Leduc (2012) embed the speculative storage model into a general equilibrium framework. Their main result is that the interaction between storage and interest rates in general equilibrium increases the impact of competitive storage on commodity prices and leads to higher persistence than the one observed in the storage model with fixed interest rate.
In spite of this extensive literature for understanding the determinants and the dynamic patterns of commodity prices, reproducing the documented high persistence and conditional heteroskedasticity of actual prices within a well-articulated structural model proved to be a challenging task. In this paper, we address the issues regarding the commodity price dynamics in a unified fashion by embedding a staggered pricing mechanism into the speculative storage model. While Arseneau and Leduc (2012) also suggest to "introduce staggered price setting on the part of the final goods producing firm" in a general equilibrium framework as a possible extension for future research, our paper is the first to implement this approach and assess the properties of the model-generated commodity prices against the observed data.
In an attempt to depart from the assumption of perfect competition at both the production and storage activity, Newbery (1984) , Williams and Wright (1991), and McLaren (1999) Nominal price rigidity is often incorporated in dynamic general equilibrium models with two widely used nominal price rigidity specifications in the literature. On one hand, the partial adjustment model developed by Calvo (1983) , Rotemberg (1987) , and Rotemberg (1996) allows for only a randomly chosen fraction of firms to adjust their prices according to some constant hazard rate in any given period. On the other hand, the staggered price setting rule adopted by Taylor (1980) and Blanchard and Fisher (1989) permits all firms to optimize their prices after a fixed number of periods.
In this paper, we assume that the pricing decisions are staggered as in Calvo (1983) and use a similar modeling framework as the one developed in McCandless (2008) . Our results confirm the importance of staggered prices for commodity price dynamics and suggest that the staggered pricing mechanism appears to be consistent with the behavior of the actual data. Moreover, we show how our model can be used to analyze the response of commodity prices to harvest shocks which provides a framework for economic and policy evaluation.
The remainder of the paper is organized as follows. The competitive storage model with staggered prices as well as the statistical characterizations of this model are presented in Section 2.
Section 3 studies the practical implications of our staggered price speculative storage model using simulated data. Section 4 contains a brief description of the data and the estimation method used in the paper, and presents the main empirical results. Section 5 concludes.
Competitive Storage Model with Staggered Prices
This section introduces the model setup and characterizes the equilibrium and statistical behavior of the model-generated commodity prices.
Model and Equilibrium Price Behavior
The rational expectations model determines the optimal inventory decisions by risk-neutral speculators. The basic version of the model developed by Deaton and Laroque (1992 , 1995 , 1996 1 incorporates competitive storage into the consumer demand and supply dynamics and establishes the concept of stationary rational expectations equilibrium (SREE). The model with serial correla-1 For brevity, we denote hereafter the basic speculative storage model of Deaton and Laroque by DL.
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tion in harvest shocks is tested by Ng and Ruge-Murcia (2000) . In their paper, Ng and Ruge-Murcia (2000) consider an MA(1) specification for the model harvest shocks. Our model complements and extends the original DL model by embedding a staggered price setting into the speculative storage model. Regarding the harvest shock specification, we consider both (i) iid harvest shocks and (ii) MA(1) harvests shocks.
Our modified model has three types of commodity market participants: final consumers, intermediate risk neutral speculators and a bundler 2 who bundles the commodities in order to set the final price. In the absence of storage, the behavior of final consumers is characterized by a linear inverse demand function
where a and b < 0 are parameters to be estimated and z t denotes the harvest in period t.
Let the harvest z t be given by
wherez is constant (perfectly inelastic) and u t is a random disturbance term which is assumed either to be iid or to follow an MA(1) process
where e t is iid(0, σ 2 ). If ρ = 0, we have the case of iid shocks as in DL, and when ρ > 0, we have MA(1) shocks as in Ng and Ruge-Murcia (2000) . In this paper, we investigate both cases and
show that when we add staggered prices, the case for ρ = 0 gives better results compared to the case of non-staggered prices and ρ > 0.
Intermediate risk neutral speculators or inventory holders know the current year harvest and demand the commodity to transfer to the next period. They will do so whenever they expect to make a profit above the storage and interest cost. The depreciation rate of storage is denoted by δ. A simple form of proportional deterioration is considered which means that if in period t the speculators store I units of the commodity, they have at their disposal (1 − δ)I units at the beginning of the next period. Moreover, speculators have to pay the real interest rate on the value of their storage. Let r denotes the constant exogenous real interest rate. The sum of harvest and inherited inventories, denoted by x t , is referred to as the amount on hand and is given by
The relationship between the amount of storage and its net profit can be summarized as
where E t denotes the expectation given the information at time t.
The condition for non-negative inventories is the crucial source of non-linearity in the model. prices into the final price in order to sell the commodity to consumers. Since we only have a few big players in the market, they are best described by an oligopolistic environment. In reality, the price level of many commodities is influenced either through the formation of cartels by producers or through government intervention by imposing export control agreements or keeping strategic stock reserves. Although some of those cartels brake up in the long run, as discussed in Gilbert (1987) , all of them have a strong influence on commodity prices, at least in the short-run. Hence, the introduction of these final big players who bundle prices tends to generate persistence in commodity prices over consecutive periods.
For simplicity, we assume that there exists a bundler who bundles all intermediate speculators'
prices into a single one. Each period t, a fraction 1 − γ (0 < 1 − γ < 1) of the speculators are able to exploit their market power and get to reset the prices of their commodities P * t (k). The rest, who did not benefit from their market power to affect prices, keep their prices at the same level as the last period: P * t (k) = P * t−1 (k). Given this staggered pricing rule, along with the assumptions that speculators are risk neutral and have rational expectations, intermediate speculators' current and expected future prices must satisfy
The first term in the brackets represents the price if the harvest is sold to consumers in period t and no inventories are carried over to the next period. The second term is known as the intertemporal Euler equation. This is the value of one unit stored if 1 − γ of the speculators benefit form their market power to affect the price. This, in turn, happens if the speculators expect to cover their costs (after depreciation) from buying the commodity at time t. Since the current period bundler prices are not yet determined, it is important to stress that speculators, who do not reset their prices, use their own current prices and not the market ones in order to determine P * t (k) in (2.1). Finally, the bundler will bundle all intermediate prices together according to the following pricing rule (see McCandless (2008))
where P t denotes the bundler final price of the good, the parameter ψ is the gross markup of the In order to simplify the bundler's pricing rule, we use the log-linearized version of this equation so that the final price becomesp
wherep t andp * t denote the logarithm of P t and P * t , respectively. After completing the description of our model, we elaborate on some important implications of equation (2.1). As implied by this equation, the intermediate risk neutral speculators' price follows a non-linear first-order Markov process with a kink at the price above which we do not have inventories. In the case of iid shocks, the kink is determined bŷ
This implies thatp
which coincides with the kink given in DL.
However, as in Chambers and Bailey (1996) , the price kinkp in the case of correlated harvests shocks is no longer constant and varies with the current harvest. This is due to the fact that with serially correlated harvest shocks, speculators form their price forecasts using all the information contained in the current shock.
Under some regularity conditions, most notably r + δ > 0 and that z has a compact support, DL establish the existence of a solution to (2.1) when γ = 0 and shocks are independent. Indeed, to show the existence of the demand function for non-independent shocks, it is enough to prove the independent case conditioning on time t. In our case, we proceed by following a similar approach to proving that such an equilibrium exists. Assume that the demand x t always lies in a subset X = [z, +∞) of the real numbers and that the harvest shock z t belongs to a compact set Z = [z,z].
Definition 2.1 Assume that γ ∈ [0, 1). A staggered stationary rational expectation equilibrium (SSREE) is a price function f : X × Z → R which satisfies the following equation
where
This defines the price function
where f (x t , z t ) is the unique, monotone decreasing in its first argument, solution to the functional equation. Since this price function is non-linear, numerical techniques similar to the ones adopted by DL and Michaelides and Ng (2000) are used to solve for f (x t , z t )
In the case of independent shocks, we can remove the time subscript and the shocks in f .
When γ = 0 and the shocks are iid, we have the same model as considered by DL. Hence, the equilibrium is simply called SREE. In the following theorem we show that the staggered stationary rational expectation equilibrium (SSREE) coincides with the stationary rational expectation equilibrium (SREE) derived from the basic DL speculative storage model. Proof See Appendix A.
Remark 2.1 Theorem 2.1 shows that p t = P * t . This allows us to use all of the results for the process p t , that are available in the literature, for the process P * t .
We next show that the final demand for the bundler in our staggered speculative model is different form the one in DL. It proves useful to compare the price processes in the speculative storage model with and without staggered prices for the market participants who can reset their prices. In the basic speculative storage model of DL, the market participants cannot hold negative inventories. If prices are expected to increase or decrease by less than the cost of carrying the commodity from one period to another, inventories are zero. If inventories are positive, the expected price next period is equal to the current price plus the storage costs. The final price of the commodity in the basic speculative storage model satisfies
Hence,
However, as stated in the description of our speculative storage model with staggered prices, the intermediate risk neutral speculators price function satisfies
In this case,
It can be easily seen from (2.5) that the prices for intermediate risk neutral speculators who can adjust them satisfy the same equation as the one that speculators face in the basic storage model of DL.
Since the final price process in the speculative storage model with staggered prices is given bỹ 6) one can infer that the demand of the bundler (the final demand) will be different from the demand presented by DL in the basic speculative storage model. We expect the final demand for speculative storage model with staggered prices to be in between the DL demand and the regular market demand. Moreover, we expect this demand to be more inelastic than the one derived from the basic speculative storage model. This is more consistent with the commodity elasticities estimated from actual data.
Statistical Characterization
Under the assumption of iid harvests shocks, the final log-price process satisfies equation (2.6).
The bundler price can then be written as
The persistence of commodity prices is then simply an outcome of the staggered prices which is extensively discussed in the literature on staggered pricing. Here, we provide an alternative explanation. From the logarithmic form of the relation (2.7), we have by induction that
which in turn yields
This shows that P t+1 shares overlapping terms prices in previous periods which gives rise to high persistence.
Next, we show that the final prices of the bundler exhibit conditional heteroskedasticity which is another salient characteristic of the observed commodity prices. Note that from (2.7), we have
and
Combining (2.8) and (2.9) and assuming that the shocks are iid, the conditional variance of the final prices is given by
In the absence of inventories in the previous period, I t−1 = 0, the variance reduces to
From (2.10) and (2.11), we can see that the variance is time-varying and, as a result, the final commodity prices derived from our model exhibit conditional heteroskedasticity. In addition, it is worth noting that the variance also depends on the value of γ.
It is interesting to point out that the form of the conditional variance in (2.11) bears strong resemblance to modeling the conditional heteroskedaticity in interest rate models (see, for instance, Brenner, Harjes, and Kroner (1996) ). In these models, there is a parameter that allows the volatility of interest rates to depend on the level of the process. Similarly, higher values of the parameter γ in equation (2.11) indicate that the volatility of commodity prices is more sensitive to their past level which generates volatility clustering.
Model Comparisons Using Simulated Data
In this section we examine the statistical properties of the simulated data from our commodity price model with staggered pricing. In order to assess the qualitative and quantitative implications of our model, we compare it to the basic speculative storage model of DL and the modified version of the speculative model of Ng and Ruge-Murcia (2000) . The model of Ng and Ruge-Murcia (2000) extends the DL model by adding serially correlated harvest shocks that follow an MA (1) process, as well as gestation lags, heteroskedastic supply shocks, multi-period forward contracts and convenience yields.
In our simulations, we calibrate the models using the parameter values estimated by Deaton and Laroque (1996) for a set of 12 commodities. These parameters (a, b, δ), presented in Table 1, are the same as the parameters used by Ng and Ruge-Murcia (2000) . The data are simulated using iid harvest shocks or MA(1) harvest shocks with an MA parameter ρ = 0.8. We denote our speculative storage model with staggered prices by ADG. Table 2 presents the results for the first-order autocorrelation of the simulated prices from the different models. The first column of Table 2 reports the autocorrelations from the actual data used in Deaton and Laroque (1996) , the second column shows the results from the basic DL model (ρ = 0) and the third column contains the results obtained using DL model with MA (1) The last two columns of (2000) with gestation lags, overlapping contracts and convenience yields to those computed from our ADG model in columns 4 and 5 of Table 2 .
Ng and Ruge-Murcia (2000) add gestations lags to the DL basic specification in an attempt to reduce the number of periods where the intertemporal price link between periods with and without production is severed. Consequently, this increases the serial correlation in prices. For this purpose, Ng and Ruge-Murcia (2000) assume that there are odd and even periods and that harvest takes place in the even periods. Hence, the random disturbance term of the harvest process has a variance that could differ if the period is odd (σ 1 ) or even (σ 2 ). The highest autocorrelations are reached for a value of Table 3 reports the corresponding autocorrelation coefficients.
Finally, Ng and Ruge-Murcia (2000) add a convenience yield to the DL model. Since inventory holders might derive convenience from holding inventories, Ng and Ruge-Murcia (2000) introduce both a speculative and a convenience motive for inventory holding. Hence, since the convenience yield partially compensates inventory holders for the expected loss when the basis is below carrying charges, their model with convenience yield generates a smaller number of stock-outs and, as a result, the demand for inventories for convenience purposes strengthens the intertemporal link resulting in a higher persistence of prices. Results for c = 50 are reported in column 4 of Table 3 .
The model is denoted by CY.
Overall, the results in Table 3 suggest that the different specifications of Ng and Ruge-Murcia (2000) cannot generate autocorrelation coefficients greater than 0.640 and they are below the autocorrelation coefficients from our ADG model and the actual data across all commodities.
Empirical Application
This section presents new empirical results from estimating the structural parameters of our proposed model using monthly data for four agricultural commodities..
Data
The data set employed in this empirical application consists of prices for four agricultural com- 
Estimation Method: Simulated Method of Moments
This section provides a brief description of the simulated method of moments (SMM) which is used for estimating the model parameters. The main advantage of SMM lies in its flexibility of the choice of moment conditions that allow us to identify the staggered pricing parameter γ. See Pakes and Pollard (1989) , Lee and Ingram (1991) and Duffie and Singleton (1993) for a detailed description of the method and its asymptotic properties, and Michaelides and Ng (2000) for an investigation of its finite-sample properties in the context of the speculative storage model.
The SMM estimator requires repeatedly solving the model for given values of the structural parameters. For this reason, we present some computational details regarding the solution of the model. The function f (x) is approximated using cubic splines and 100 grid of points for x.
This function is calculated using an iterative procedure, starting with an initial value f 0 (x) = max[p(x t ), 0]. As in DL, the interest rate r is not estimated but it is fixed at 5 percent per annum or 0.41 percent (r = 1.05 1 12 − 1 = 0.0041) per month. In addition, we calibrate the depreciation rate δ and set it equal to 0.04 per month. One reason to calibrate δ is that the SMM estimator tends to over-estimate δ as indicated by Michaelides and Ng (2000) . Finally, the harvest shocks z are discretized using a discrete approximation of a standard normal random variable with z taking one of the following 10 values: (±1.755, ±1.045, ±0.677, ±0.386, ±0.126), with equal probability of 0.1.
It is worth noting that the prices used for estimation of ADG model parameters represent the prices of intermediate risk neutral speculators, not the final prices that are given by the data set described above. Hence, we first retrieve the prices of intermediate risk neutral speculators from the final prices given by the time series of commodity prices using the equation
(4.1)
Let θ = (a, b, γ) denote the vector of structural parameters of the model. Sample paths of commodity prices can be simulated from the assumed structural model for a candidate value of
θ. In what follows, we simulate one sample path of pricesP t (θ) of length T H, where H = 20
and T is the sample size of the observed prices P t . The SMM estimator of θ is then obtained by minimizing the weighted distance (using an optimal weighting matrix) between the moments of the observed data P t (empirical moments) and simulated dataP t (θ) (theoretical moments). Let m(P t ) and m(P t (θ)) denote the set of moments from the observed and simulated data. Then, the SMM estimatorθ is defined asθ
and V T denotes a consistent estimator of
The vector of moments
is chosen to capture the dynamics and the higher-order unconditional moments of actual commodity prices. The long-run variance V is estimated using the Parzen window
with four lags.
Under some regularity conditions, Lee and Ingram (1991) and Duffie and Singleton (1993) show that the SMM estimator is asymptotically normally distributed
. The derivatives ∂m/∂θ are computed numerically and Ω H is replaced by a consistent estimator in constructing the standard errors of the parameter estimates.
Empirical Results
The estimation results for the ADG model parameters are presented in Table 5 . The standard errors of the estimated parameters, based on the asymptotic approximation described above, are reported in parentheses below the parameter estimates. The standard errors for the staggered price parameter γ are low for all of the four commodities indicating that γ is well identified and significantly different from zero. The mean of γ for the four commodities is equal to 0.85. The parameter estimates for b satisfy the constraint b < 0. For most of the cases, the standard errors of the estimated parameters a and b are relatively low.
In this paper, we argue that the high persistence and the conditional heteroskedasticity in commodity prices appear to be primarily driven by the staggered price parameter γ. To illustrate this, we simulate 200 price series, each of length of 300 observations. The set of parameters used to conduct the simulations is (a, b, δ) = (.7, −3, .04) and r = .0041. We compute the first-order autocorrelation for each series and then calculate the average over the Monte Carlo replications.
We repeat the same exercise for four different values of γ, γ = (0, 0.3, 0.6, 0.9). In the first three columns of Table 7 we report the first-order autocorrelation for the actual data, ADG and DL models, respectively. Table 6 shows that incorporating staggered prices into the speculative storage model does increase the first-order autocorrelation of the prices and makes it comparable to the sample autocorrelation of the actual data. More specifically, as γ increases from γ = 0 (which represents the case for the DL model) to γ = 0.9, the first-order autocorrelation increases from 0.6 to 0.9.
To visualize the differences between the two models, Figure 1 plots the actual price of soybean, the simulated prices generated by our ADG model with iid harvest shocks and estimated parameters (a, b, γ) = (0.352, −4.787, 0.909), and the simulated prices generated by DL model with estimated parameters (a, b, δ) = (0.723, −0.394, 0.130) . It is clear from the graph that our staggered price model generates more persistent data with volatility clustering which is closer to the actual price dynamics of soybean prices presented in Figure 1 . Also, in Figure 2 we trace the dynamic responses of the simulated commodity prices following a negative harvest shock. The gradual adjustment of the commodity prices from the ADG model stands in sharp contrast with the stronger but short-lived impact of the harvest shock on commodity prices in the DL model.
Next, in order to reveal the advantages of our ADG model in matching the dynamics in the first two conditional moments of the data, we simulate 200 series of prices, each of length of 300 observations, using the parameters estimated from ADG model (reported in Table 5 ). We repeat the same exercise, using the same values for the parameters a and b but setting γ = 0, which represents the case for the DL model. We filter the simulated prices from both the DL and ADG models using an AR(1) model and then fit a GARCH(1,1) model to each of the pre-filtered series 16 using the following equations:
Figures 3 and 4 plot the distribution of the parameter estimatesβ andα for the ADG and DL models. The figures clearly suggest that the ADG model provides an improvement over DL model by better capturing the conditional heteroskedasticity. In fact, the medians forβ andα, generated by ADG model, are much closer to the parameters (denoted by bullets) estimated from actual data. Table 7 summarizes the results by reporting the means of the autocorrelations and the GARCH parameters for the ADG and DL models against the statistics from the actual data.
Overall, the results lend strong support to the staggered pricing feature of the modified speculative storage model of commodity price determination.
Conclusion
The main objective of this paper is to propose a model which is able to reproduce the statistical characteristics of the actual commodity prices. Our modified speculative storage model embeds a staggered price feature into the DL storage model. The staggered pricing rule is incorporated by introducing intermediate good speculators and a final goods bundler. We examine the empirical relevance of the structural modification by comparing our model performance with several models in the literature, namely DL and the extended DL version of Ng and Ruge-Murcia (2000) . Our analysis suggests that the proposed model outperforms the existing models along several dimensions such as matching the serial correlation and GARCH dynamics of the observed commodity prices.
We also estimate the vector of structural parameters for the ADG model with uncorrelated harvest shocks using monthly data for four agricultural commodity prices. The results tend to suggest that the staggered price parameter is large and it proves to be instrumental in generating the documented persistence and conditional heteroskedasticity of commodity prices.
A Appendix: Proof of Theorem 2.1
First, we state the assumptions for the theorem.
Assumptions: Assume that A.1 r + δ > 0.
A.2 The harvest shocks z belong to a compact set Z = [z,z];
A.3 The function p −1 : (q 0 , q 1 ) → R is continuous and strictly decreasing such that
Furthermore, we have that z ∈ p −1 (p 0 , p 1 ) and p(z) ∈ R + \ {0}.
Following Deaton and Laroque (1992) , for any function g on the set X = [z, +∞) we introduce
If γ = 0, then G is the same as in Deaton and Laroque (1992) . Let G DL denote the function when γ = 0:
It can be seen that G = (1 − γ)G DL + γp.
Theorem 2.1 aims to find a function f such that
where we also have f = g. To prove the theorem, we use the following lemma.
Lemma A.1 For a given g, the unique solution f : X → R to (A.2) equals f DL , where f DL is the unique solution to the same problem when γ = 0.
Proof For each x, f (x) is the solution to the following equation for q
It can be seen that
Thus, the solution q is a solution to
But this is equivalent to solving
which gives the desired result.
This lemma shows that for any g, there is a unique f which is the solution to (A.2). Therefore, we can introduce an operator T and denote f with Tg.
Proof of Theorem 2.1 From Lemma A.1 it follows that T is the same as the operator introduced in Deaton and Laroque (1992) . It is shown in Deaton and Laroque (1992) that T is an operator from the set of non-increasing and continuous functions on X to itself and has a unique fixed point f , i.e., f = Tf . It then follows that this unique fixed point is the unique SSREE or SREE. This completes the proof of Theorem 2.1. The third column states the contract size and the last column provides the contract months denoted by: F = January, G = February, H = March, J = April, K = May, M = June, N= July, Q = August, U = September, V = October, X = November and Z = December. 
